Abstract-The study presented here uses data from the NORC General Social Surveys to explore the effects of measurable school characteristics on student achievement. What separates this study from many others is the use of aggregate data on older cohorts, usually associated with research on the influence of school inputs on earnings. We fmd substantively large effects, similar in size to those found in many earnings-focused studies. Our results point to the importance of aggregation in modeling the relationship between school inputs and student outcomes, bringing into question causal interpretations of the results of studies using aggregate data to assess school input effects.
1 This explanation seems possible given the common fmdings (e.g., Griliches and Mason (1972)) that there is only a weak relationship between academic achievement and earnings once educational attainment is controlled for.
2 Two exceptions to this trend are recent studies by Betts (1995) and Grogger (forthcoming). Betts uses the National Longitudinal Survey of Youth and Grogger uses High School and Beyond and the National Longitudinal Survey of the High School Class of 1972 to look at earnings of young workers. Individuals in both studies are matched with the specific high school attended. Neither study fmds significant effects of measurable school inputs on students' later earnings; however, the instability of wages of young workers is a potential problem for both of these studies.
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[ 653 ] 654 THE REVIEW OF ECONOMICS AND STATISTICS the conflicting findings on school input effects. Our measure of scholastic achievement is derived from a simple, ten-item, vocabulary test administered as part of NORC's General Social Surveys. Unlike most studies of academic achievement, our estimates suggest powerful effects of measured school inputs on school effectiveness. As such, these results would seem to suggest that the difference between the two literatures arises, at least partially, from differences in the nature of the data used: either differences in the historical period covered or the extent of aggregation involved in measuring school inputs.
II. Model Specification and Data
The Data
The data source for information on individuals is the NORC General Social Surveys (GSS) (Davis and Smith (1992)). Each survey in the GSS consists of detailed interviews of an independently drawn sample of English-speaking persons 18 years of age or over, living in non-institutional arrangements within the United States. Since 1972 there have been a total of 29,388 interviews, of which 6,032 were of people born in the 1920s, 1930s and 1940s and included the relevant information for this study.3 The most recent survey currently available was conducted in 1993. The GSS contains information on the geographic division where the respondent lived at age 16, but not the school district or the state. Thus, we run our analyses aggregated to the divisional level. Since most of the variance in school quality among states is due to variation among the nine divisions, the use of divisions instead of states should not substantially affect the results. 4 We aggregate the state-level school quality data used by Card and Krueger (1992) (originally obtained from the Biennial Survey of Education and the Digest of Education Statistics (1968-present)) to the divisional level. For the aggregation, we weight using the average number of teenagers in each state during the decade in question. For the three regions that had segregated school systems, we obtain separate aggregate school quality measures for black school districts and white school districts. Nine geographic divisions, three of which had segregated school systems, give us a total of 12 geographic/racial regions, each with three cohorts.
The school quality measures that we use are studentteacher ratio and term length. These measures should not necessarily be thought of as capturing the same characteristic of schools. Student-teacher ratio or class size5 has been used commonly in studies of the effect of school quality on both achievement (Finn and Achilles (1990), Boozer and Rouse (1995) ) and income (Card and Krueger (1992)). Current education research shows, at best, only moderate impact of these variables on achievement. Term length, on the other hand, appears to have played an important role historically in the increased achievement of black students in segregated school systems (Margo (1990), Orazem (1987) ). Due to limited variation, term length has not been used in recent work on school achievement. However, "time on task" has consistently been shown to matter (Denham and Lieberman (1980)), and presumably term length is highly correlated with "time on task." Thus, while a finding using historical data that the student-teacher ratio matters does contradict current research, a similar finding for term length does not.
Figures la and lb present average school inputs, student-teacher ratio and term length respectively, for each cohort in each division. From these figures we can see that school inputs tended to increase during the time period in question. For those born in the 1920s the average studentteacher ratio across divisions was 32.68. This measure decreased to 28.66 students per teacher for those born in the 1930s and to 26.54 for those born in the 1940s. Similarly, the average term length across divisions for those born in the 1920s was 164.31 days, while average term length was 172.94 and 177.08 days for those born in the 1930s and 1940s.
While the overall level of inputs increased over time, the variation across divisions decreased dramatically as school systems, to a considerable extent, converged in terms of measured inputs. The standard deviation of our student-teacher ratio measure declined from 7.4 to 2.5 between the cohorts born in the 1920s and those born in the 1940s. Similarly, the standard deviation of term length declined from 17.7 to 2.7. The most dramatic changes occurred in the segregated black school systems, but the pattern holds for the white and integrated school systems as well.
Correlation between the two school input measures is high (-0.91) but appears to have decreased over time. For the 1920s' cohort the correlation is -0.94, while for the 1930s' and 1940s' cohorts it is -0.79 and -0.54, respectively. These high correlations are, to an extent, being driven by 3The sample of 6,032 is limited to those respondents born in the 1920s, 1930s, and 1940s who have information on both educational attainment and test scores. The vocabulary test used in this study to measure achievement was included in the 1974, 1976, 1978, 1982, 1984, 1987, 1988, 1989, 1990, 1991 , and 1993 surveys only.
4Univariate regressions of the state-level quality measures on the division dummy variables by cohort give R2s of between 0.61 and 0.74. 5 Student-teacher ratio and average class size are not the same measure. Average class size will almost always be larger than student-teacher ratio since more than one teacher, but never less than one, may be assigned to a classroom; and because many teachers have duties outside of the classroom (Odden (1990)). In Ferguson's (1991) study of Texas schools, for example, a student-teacher ratio of 18 corresponded to average class sizes in the low 20s. In addition, the relationship between class size and teacher-student ratio may be different for different groups of students. Boozer and Rouse (1995) fmd that while student-teacher ratio is the same for black and white students in their sample, black students tend to be in larger classes. Because of these differences between average class size and student-teacher ratio, one measure is not a perfect substitute for the other. However, especially for historical data in which there is much larger (and, likely, more correlated) variation in class size and student-teacher ratio than exists today, the two measures should be good proxies for each other. (1957) ). The shorter version used by the GSS has an internal consistency reliability of 0.71 (Alwin (1991) ). The mean score on the test for those used in this study is 6.21, with a standard deviation of 2.16. Figure 2 shows the overall distribution of this variable.7 A standardized version of the number of correct answers to the ten questions is used for the analyses presented here.8
EFFECT OF SCHOOL INPUTS ON ACADEMIC ACHIEVEMENT
The Model
Similar to many previous studies we use a two-tiered model for estimating school input effects. The first stage of the analysis is an OLS regression in which test score for the 6,032 respondents is modeled as a linear function of years of education, demographic characteristics, family background measures, cohort-division group dummies, and interactions between the respondent's cohort-division group and education.9 We include all 36 cohort-division dummy variables and interaction terms and then restrict the two groups of coefficients to sum to zero. As a result, the coefficients on the dummy variables can be interpreted as deviations from the unweighted average of mean cohort-division group test scores. Similarly, the coefficient on the educational attainment variable measures the unweighted average of mean test score returns to an extra year of schooling for each cohortdivision group, while the interaction terms give the deviations for each group around this average. The interaction terms then capture the influence of each cohort-division group on the achievement returns to years of schooling. The main portion of the analysis includes three first-stage regressions: one without family background controls, one with linear family background controls only, and one with interactions between all family background measures and years of education completed as well as linear controls.10
The first-stage regressions control for three demographic characteristics: gender, race, and age. We included a dummy variable for gender to adjust for possible differences in education aside from years of schooling and for potential differences in experience that could affect vocabulary knowledge. A dummy variable for whether the respondent is black is used to adjust for a number of factors including potential differences in education quality that white and black students received in non-segregated districts and potential racial bias in the vocabulary test. We include age at the time of the interview in order to adjust for possible age differences in vocabulary memory that could bias cohort effects. Since the interviews were conducted over a 20-year period this control is not equivalent to the cohort controls.
Family background adjustments include measures of parents' education, family size and whether the respondent was raised in a single-parent household, as well as a rough assessment of family income when the respondent was 16. The parents' education variable is the average of the respondent's answers when asked the years of education received by his/her mother and father. 11 The family size variable used is the log of the total number of children in the family. The family income measure in the GSS is a five-level variable of responses to, "Thinking about the time when you were 16 years old, compared with American families in general then, would you say your family income was-far below average, below average, average, above average, or far above average?" We treat this income measure as categorical, including indicators for each level of income in our models. 9 The GSS consists of a random sample of households in the United States, not a random sample of individuals. Within each household, one respondent was chosen at random from the eligible adults. In order to assess the possible difference between this sample and a random sample of adults, we do our analyses both unweighted and weighted by the number of eligible adults in the respondent's household. Our findings are similar in both cases. We report only the unweighted results.
10 Due to the limited nature of the dependent variable, an ordered probit might be a more appropriate first-stage method than OLS. We ran the analyses using both methods and found virtually no difference in the results. The results from the linear regressions are somewhat easier to interpret and so they are presented.
1 For those respondents who only answered the question for one parent, the average parents' education variable is the given parent's reported education.
Of the 6,032 respondents used in this analysis, 601 did not report information on either parent's educational attainment, 16 did not report number of siblings, 118 did not report on the family structure of the household they grew up in, and 44 did not respond to the income question. We handled this missing data by including four missing-data indicators in our models.
The second stage of the analysis addresses systematic variation across divisions and cohorts in the impact of years of education on test scores due to measurable school characteristics. We use the coefficients on the interactions between educational attainment and cohort-division group from the first-stage regressions as the outcome measure for assessing the effects of school quality. For each of the first-stage analyses we run regressions that include one of our two school quality measures and controls for cohort and/or division.
Due largely to differences in underlying sample sizes, there is considerable variation across divisions and cohorts in terms of the reliability of our first-stage estimates of the impact of education on test scores. For this reason, there are potential efficiency gains to be derived from weighting the data by an estimate of the covariance matrix. If our model is not perfectly specified, however, weighted and unweighted regressions will also represent, conceptually, somewhat different effects. The weighted estimate will downplay the coefficients of the smaller segregated southern school systems. For this reason, we present both weighted and unweighted second-stage estimates. The weighted results closely resemble feasible GLS one-step estimates. 12 In addition to performing the above analyses, we estimate two other sets of school quality effects. First, we rerun the regressions on whites alone. Second, we add controls for current geographic division of residence in each of the first-stage analyses. Since local labor markets affect achievement to a much smaller extent, if at all, than they affect earnings, we do not need to control for current state of residence in order to accurately assess the effects of school inputs on achievement. By including controls for the local labor market we can estimate the impact of such controls on studies that have looked at the effect of school inputs on later earnings. Table 1 summarizes the results of the first-stage regressions for the full sample both with and without family-background controls. Although cohort-division dummies were included in the regression, for simplicity their coefficients as well as the coefficients on the interaction terms and on the no-response dummy variables are not reported in the table. Table 1 shows that, on average, an extra year of education corresponds to a 0.17 standard deviation increase in the test score without adjustments for family background, and a 0.15 standard deviation increase once family background Model 2 includes linear controls for family-background characteristics. Of the measures of family background included, only average parents' education and log of family size show significant effects. A one-year increase in parents' education corresponds to a 0.025 standard deviation increase in test scores. Those with larger families, on the other hand, tended to have lower test scores. A one-unit increase in log family size corresponds to a 0.063 standard deviation decrease in test scores. In addition, while none of the income variables was significant at the 0.05 level, the dummy variable for no response indicated that those who answered the question had on average 0.30 standard deviation higher test scores than those who did not. Model 3 includes family background-educational attainment interactions for all familybackground measures. Since the inclusion of these interaction terms makes interpretation of the coefficients on the original variables difficult, the results of model 3 are not reported in table 1.
III. Results
We use the coefficients on the interaction terms between education level and cohort-division group for each of these models as the dependent variable for the second stage. These coefficients measure the average additional gain in test scores per year of education associated with the division and cohort in which respondents were born. Figures 3a and 3b show the 658 THE REVIEW OF ECONOMICS AND STATISTICS coefficients from model 2, with linear family background controls, plotted against the average student-teacher ratio and the average term length of the division and cohort. The black districts are represented in these figures by square points, whereas white and integrated school districts have diamondshaped points. These figures illustrate a positive, though imperfect, relationship between school inputs and the interaction coefficients, suggesting that cohort and division groups with higher average school inputs also tended to have greater returns in achievement for extra years of education. The figures make clear that the inclusion of the southern black districts adds important variation to the data.
The results of the unweighted second-stage regressions are summarized in table 2. This table reports the coefficients on the school quality measures and White's standard error estimates for each of the 12 models discussed above.13 In all 12 models the regression coefficient for student-teacher ratio is approximately -0.4. This indicates that each extra student in a classroom decreases the test score returns to an extra year of schooling by 0.004 standard deviations. An increase in the student-teacher ratio of ten students, representing a drop in resources of between 20% and 30%, would be associated with a 0.04 standard deviation decrease in achievement returns to education. For the average respondent, this corresponds to a change from 0.15 to 0.1 1 standard deviations greater test score for each additional year of education, a decrease of just over 25%. While the coefficient size on student-teacher ratio is largely stable across the models, the standard errors increase as more controls are introduced into the model. This is hardly surprising. Cohort and division dummies explain 84% of the variation in the student-teacher ratio.
The coefficients on term length range from 0.19 to 0.10, depending on controls. These estimates imply that an increase in the length of the school year by ten days, representing a 6% to 8% change in the length of the school year, corresponds to a 7% to 13% increase in returns to education. Again, the limitations of the data are evident in these results. As more controls are included in the model, the standard errors increase, though not by as much as for student-teacher ratio. Unlike the coefficient on student-teacher ratio, the coefficient on term length tends to decrease as more controls are introduced.
The inclusion of the family-background measures has limited effect. When family background variables are interacted with educational attainment in model 3, the coefficients on the school quality measures drop substantially for those second-stage models that do not include division controls. However, once division is controlled for in the second-stage, the estimated effects of school inputs are essentially the same whether or not family-background measures are included in the first-stage regressions. Thus, once studies, such as Card and Krueger (1992), control for state and cohort of schooling, their lack of control for family background or their use of rough aggregate proxies for such control may not substantially bias their results. 14 At the aggregate level, controls for cohort and division appear to take account of most of the relationship between family background and measurable school quality. In contrast, micro-level research has tended to find that family-background measures often account for any univariate relationship between school inputs and student outcomes (Hanushek (1986) ). This paradox points to the potential influence of data structure.
Results from the weighted second-stage estimates are presented in table 3. While conceptually the error from the second-stage equations includes both equation and measurement error, our computations imply that measurement error represents the bulk of the total. For this reason, we simply use the inverse of the estimated variances of the first-stage estimates to form the weights. The reliability of the firststage interaction coefficients varies considerably; thus, it is not surprising that the point estimates and their estimated reliability are somewhat different for the weighted than for the unweighted second-stage analyses. In general, weighting reduces the absolute value of the coefficients as well as their standard errors. These reductions most likely result from down-weighting the smaller segregated black districts. While weighting does change the estimates, the substance of the findings remains.
Overall, though the reliability of some of the estimates we report is not high, the point estimates suggest very large effects of measured school quality. The implied elasticities of the effect of changes in measured school quality on the value of education hover around one! These effects are substantially stronger than those found in most other studies of student-teacher ratio or class size.15 Glass and Smith (1979), in a meta-analysis of class-size effects, find only an approximately one five-hundredth of a standard'deviation difference in achievement between 20 and 40 student classes. Hanushek (1986), in a summary of the research on school input effects, notes that of 112 studies of teacher-pupil ratio, only nine found positive significant results. Fourteen of these studies showed negative significant results and the rest had insignificant findings. Studies of term-length effects are not as prevalent, presumably because term length no longer varies significantly across schools.
The results also suggest that studies that use the same types of data and similar models to assess the impact of 13 Due to the small sample sizes involved in our estimates, white standard errors are likely to underestimate the actual sampling variability of our estimates somewhat (Chesher and Jewitt (1987)), though by less than OLS estimates. 14 Card and Krueger use average per capita income and median education for white persons over 25 years of age in each state in each cohort as proxies for individual family-background effects. Aggregated from the state to the division level, this measure has correlation coefficients of 0.80, 0.45 and -0.04 with the division-level aggregates of our parents' education, single-parent-family and family-size measures, respectively. When the residuals of a regression of Card and Krueger's family-background variable on cohort dummies and division dummies is compared with the residuals of a similar regression using our parents'-education measures, we find no relationship (a correlation coefficient of -0.13).
15 As a note of caution, it is questionable whether the comparison of effects on different test score measures is useful. Tests vary in what they measure and in how they are affected by specific classroom learning. school inputs on student outcomes may find similar results, whether the outcome measure is achievement or later earnings. Our research, as did the Card and Krueger 1992 study, uses aggregate data on school characteristics to predict student level outcomes for cohorts born in the 1920s, 1930s and 1940s. In so doing, we find effects on achievement, if anything, somewhat larger in magnitude than the effects that Card and Krueger found using earnings as the outcome variable. Card and Krueger's results indicate that a decrease in student-teacher ratio of ten students would, on average, increase income returns to an extra year of education by between 10% and 20%, depending on the cohort. Results presented here estimate that a decrease in student-teacher ratio of 10 students increases the effectiveness of schools on raising achievement scores by over 20%. We repeat the above analyses for whites only.'6 While the estimates are substantially less consistent than for the entire sample, the general trend for student-teacher ratio to have a negative effect and for term length to have a positive effect is evident. The lack of significant effects when only cohort controls are included, points to the importance of differences in achievement returns to years of education among divisions. Once division controls are included, the estimates are substantially larger than for the full sample and significant at standard levels (the coefficients on school characteristics range from -0.63 to -1.29 for stu- dent-teacher ratio and from 0.26 to 0.37 for term length depending on the model). These results indicate that the convergence of the school inputs in the segregated southern school districts is not the only force driving the positive findings on the impact of school inputs on achievement.
FIGURE 3a.-A PLOT OF STUDENT-TEACHER RATIO BY ADDITIONAL AcHIvEmVENT RETURNs TO EDUCATION FOR EACH COHORT-DIISION GROUP AS ESTIMATED BY MODEL 2 (SEE
Lastly, we find little change in the effects of the measured school inputs when current division of residence is included as a control in the first stage, both linearly and interacted with educational attainment. 17 With this control included, the analysis, in effect, compares people who currently live in the same division but were born in other divisions. These "migrants" may be systematically different from people who remain in the division in which they were born. The results of studies, such as Card and Krueger's (1992), which control for current residence in order to adjust for local labor market effects may, then, be biased from these migration effects. The similarity between estimates that do and do not control for current division of residence in the first-stage would seem to indicate that migration effects are small and do not substantively change the findings. This result may apply especially to Card and Krueger's 1992 paper which uses the same year of birth cohorts and measures of school inputs as those in this study. Our analysis is not a direct test of migration bias for studies such as Card and Krueger's that use earnings as the dependent variable. Migrants may well select to move on the basis of wage differences that we are not be able to capture effectively using a measure of verbal ability. Yet, our findings suggest that migration bias may not be the sole cause of the positive school input effects found.
IV. Discussion
Our results point to the importance of data characteristics in explaining the conflict in findings between income studies with positive school input effects and achievement studies without consistent significant effects. Data characteristics appear to be more important than differences in the outcome measure, biases from missing family background controls, or biases from labor market influences. Studies finding positive effects of school inputs typically use aggregate data on cohorts educated before 1960, while studies finding no effects tend to use micro-level data on more recent cohorts. Unfortunately, data limitations preclude us from directly assessing the extent to which cohort effects versus aggregation influence the results. While existing evidence supports the notion that both level of aggregation and cohort differences may contribute to the conflict in findings, only the aggregation effect appears potentially sufficient in magnitude to explain the extent of this conflict.
The findings on cohort effects are mixed. Economic historians have produced some direct evidence that school resources affected scholastic achievement during the early part of this century. The difference between these results and the inconclusive results of studies on more recent years suggests possible cohort differences in the effect of school inputs. Schmidt (1995), for example, using data from New York, finds evidence that increases in state funding for local schools during the early 1920s had a positive effect on outcomes. In addition, both Orazem (1987) and Margo (1990) report positive associations between term length and scholastic achievement; though, recall that findings of positive effects of term length should probably not be seen as conflicting with current evidence on achievement.
Non-linearities in the effects of school inputs on student outcomes are a possible explanation for stronger finding using older cohorts. Ferguson (1991) found that increasing student-teacher ratios above 18 had a negative effect on outcomes, but that decreases below this level had no effect. If such threshold effects exist they would provide a possible mechanism to explain systematic variation between results of studies based on older versus more recent cohorts. However, Glass and Smith's 1979 meta-analysis of 77 studies found substantially greater effects of class size among classrooms with less than 20 students than among those with 20-40 students, which would work in the opposite direction, enhancing the contrast between our results and those based on more recent data.18
While the evidence suggesting the importance of cohort differences in explaining the conflicting findings is limited, there is mounting evidence that estimates of the effects of measured school inputs on school effectiveness are substantially larger when researchers use states rather than school districts, schools or classrooms as the unit of analysis (Betts (1996) ). The design of several recent studies allows the direct assessment of the importance of aggregation. Each of these studies finds evidence suggesting that aggregation increases the estimated impact of measured school characteristics (Betts (1995), Grogger (1996), Hanushek, Rivkin and Taylor (1996)).
The finding that relationships are stronger at the aggregate level is not specific to this literature. When findings based on aggregate versus micro data conflict, the presumption is usually in favor of the more micro analysis. Yet, estimates based on micro data are not always preferred to ones based on aggregate data (Grunfeld and Griliches (1960)). In the current context, it has been argued that aggregation may decrease the endogeneity problem of parents selecting the schools that their children attend since parents are more likely to choose a district or a particular school than they are to choose the state or division in which they live because of the school resources available (Card and Krueger (forthcoming)). For this reason, state or division level studies may estimate more accurate effects than district or school level analyses. Moreover, aggregation can serve to mitigate the biases due to errors-in-variables. For example, micro-level studies assessing the impact of school inputs tend only to have measures of that input for the particular classroom in the particular year that the data cover. Yet, students attend numerous classrooms during their schooling experience. An average measure of the input for the district, or even for the state, may be a more accurate assessment of the average school inputs received by the student over his/her total schooling than is a single micro-level measure that matches students directly to classrooms at one point in time.
While state and division level studies may have some benefits over more micro-level studies that look at absolute measures of achievement, most recent micro-level studies use value-added measurements, in which prior achievement is controlled for either by introducing measures of prior achievement as a left-hand-side variable or by using gain in achievement from being in a particular classroom with specific inputs as the dependent variable. Studies with this valueadded framework appear to be preferable to aggregate studies by most measures. The controls for initial achievement should diminish the endogeneity problem evident with other methods, while data on the specific inputs that the student receives substantially reduce errors-in-variables bias.
While criticisms of the micro studies in the literature are largely addressed by the value-added approach, the problems that plague aggregate studies remain. For example, arguments in favor of using micro-level data are based on the fact that if there are aggregate effects that are correlated with the explanatory variables of interest, aggregation will exacerbate the bias due to the omission of these factors 18 An alternative explanation for the source of possible cohort effects is that the greater variation in school resources that existed at the beginning of the century may make it easier to detect significant effects using historical data. Yet, diminished variation should not bias estimates. In addition, there continues to be considerable variation in inputs across schools and school districts. A more compelling argument for cohort effects, especially when considering comparisons across states, is that the greater variation in school quality may imply that measured inputs were more reliable indicators of school quality at the beginning of the century than they are today. (Hammond (1973) ). In the current context, it is natural ta imagine that measured school inputs are endogenous anc may serve as proxies for other characteristics of the environ. ment in which students grew up.19 Increases in the invest. ment in education that occurred in the first half of the twen. tieth century did not occur randomly, but reflected increase( awareness across various groups and organizations of the imnportance of education (Goldin (1994))! In this regard, it is important to distinguish two potential aspects of the environment that average school input mea. sures may be capturing. First, school input variables may b picking up features of the communities that are unrelated tc the schools themselves. As the southern economy came tc more closely resemble the northern economy (Wrigh (1986)), higher expectations about the future and increase( orientation toward the value of academic achievement ma) have caused the increased test scores, quite apart from direcl effects of the schools. On the other hand, differences in mea. sured school inputs may reflect actual school quality differ. ence. Findings of positive school input effects, in this case would reflect actual school quality differences, though nol necessarily the impact of the particular input measure ii question. In fact, the crudeness of the school quality mea. sures used in studies such as this and the likely inaccuracies in the Survey of Education data,20 together with the stroni correlation among school inputs, make it hard to imagine that measured differences in such things as the average student-teacher ratio reflect only such differences and not alsc other school quality differences.21
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In either case, it may still be appropriate to think of the kinds of school inputs used by Card and Krueger as reflect. ing the level of human capital investments. In this sense increases in the length of the school year or decreases in the pupil-teacher ratio that occurred over the first half of the twentieth century are part of the dramatic increases in humar capital investment that were occurring over this period o1 timne. There would seem to be little doubt that, in general such investment contributed importantly to economic growth (Griliches (1970), Denison (1985) ). However, while aggregate studies can point to the importance of human capi. tal investments, such studies cannot provide the detail on the benefits of specific school inputs that is needed for informec policy decisions. 19 For example, some quality of the state that one is raised in may both affect student outcomes and be collinear with school inputs. If a state or region has a culture in which the importance placed on education and academic achievement is growing over time, then citizens of that state are likely to vote to increase teacher salaries and the length of the school term. However, if students educated in this region after the growth have higher achievement or greater later earnings than earlier cohorts, it is impossible to separate out the effect of increased emphasis on education from the effect of increased school inputs. 20 Robert Margo (in personal communications, February 1995) cited such data problems as double counting of students and teachers who move across districts and unweighted aggregation of district level data. 21 For example, given the high correlation between our two school quality measures, it seems plausible that both the student-teacher ratio and term length are proxying for the time spent on learning, "time on task." 
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